. This article also discusses the prevailing challenges for practical application of optical technologies and future research prospects.
has a high risk of deterioration through the entire production chain, from breeding to consumption. The meat industry is currently facing the challenge of obtaining reliable information on meat quality throughout the production process, to ensure the quality of meat products provided to consumers (Tao and Peng, 2014) .
Meat is also highly perishable due to its high nutritional content. The chemical composition and sensory attributes of meat are highly influenced by pre-slaughter factors (breed, sex, age, weight, and environment) and postmortem factors (storage time, temperature, etc.) (Andres et al., 2007; Lawrie, 1985) . Pre-slaughter and post-mortem changes cause quality deterioration in meat, thus requiring reliable technology for meat quality determination before consumption. Traditionally, trained inspectors were employed to detect meat quality attributes manually (Xiong et al., 2014) . Sensory attributes, such as tenderness, were assessed by pressing the meat, flavor was assessed by smelling the meat, and color and marbling were evaluated by comparing the color of the rib eye muscle (musculus longissimus dorsi) or the proportion of intramuscular fat within the m. longissimus dorsi against reference standards for each meat species. However, manual inspection cannot evaluate the internal quality attributes of meat, such as nutritional content, pH, moisture content, presence of microorganism, and so on. Manual inspection is also tedious and subjective and depends strongly on the inspector's alertness and fatigue. Poultry carcasses are inspected visually for surface contaminants such as ingesta and feces. The typical U.S. poultry processor handles 140 to 180 birds per minute on each processing line (Yoon et al., 2011) . Although external and sensory quality attributes can be evaluated by human inspectors, internal quality attributes, such as nutrition content, micro-organisms, pH level, and TVB-N content, are difficult or impossible to detect by human inspection.
Instrument methods and chemical analysis have been used for detection of internal quality attributes of meat for decades. Such methods are effective and considered reliable for their consistent results. Instrument methods such as Warner-Bratzler shear force (WBSF) have been widely used for evaluating meat tenderness, a pH meter inserted into a meat sample has long been used for pH measurement, and meat color is evaluated using colorimeters. These instruments are used to evaluate the texture or freshness of meat. Similarly, chemical methods, such as Kjeldahl, are used for protein analysis (Xiong et al., 2014a) , and other solvent methods are used for measuring fat content. The plate count method has long been used for detection of micro-organisms in meat. Meat is prone to spoilage during storage due to microbial activity. Conventional laboratory analysis methods, such as high-performance liquid chromatography (HPLC) and ultra-high performance liquid chromatography tandem mass spectrometry, are used for detection of meat quality based on spoilage status, chemical content such as inulin, contaminant residue, foodborne pathogens, and other chemical constituents (Argyri et al., 2011; Boselli et al., 2008; Clariana et al., 2010; Shalaby et al., 2011; Vendrell-Pascuas et al., 2000; Xu et al., 2012) . Although these methods have proven consistent and reliable compared to manual inspection, they require long processing times, complex sample preparation, and trained technicians, and they are destructive. Instrument methods and chemical analysis cannot satisfy the meat industry's need for fast, reliable, accurate, and non-destructive detection of meat quality.
Recent years have seen rapid advances in meat quality detection methods. Various methods have been reported in the literature for detection of the quality attributes of meat and meat products. Among these methods, biosensors have gained importance for detection of meat quality attributes (Balasubramanian et al., 2009; Damez et al., 2008; Haugen et al., 2006; Ohk and Bhunia, 2013; Panigrahi et al., 2006; Zor et al., 2011) . Although biosensors can provide rapid detection with satisfactory accuracy, they cannot satisfy the meat industry's need because of their destructive nature. Meanwhile, optical technologies have received wide attention in the research community because of their rapid, nondestructive, real-time, and precise detection ability (Gomez et al., 2006; Jamshidi et al., 2012; Lu and Peng, 2006; Pan et al., 2015; Peng and Lu, 2007; Qin et al., 2013; Xue et al., 2012; Zhang et al., 2014) . Consequently, optical technologies are gaining importance in industrial automation (Li et al., 2011a; Mehta and Burks, 2014; Tong et al., 2013) .
Much effort has been made in the research and development of optical technologies for detection of the internal and external quality attributes of meat. Rapid, nondestructive, real-time, and precise detection of the physical, chemical, sensory, and microbiological quality attributes of meat and meat products from the start of the process to consumption will protect public health, promote meat consumption, and provide an economic benefit for the meat industry. This article reviews the optical technologies used for rapid and non-destructive detection of internal and external quality attributes of meat.
MAIN OPTICAL TECHNOLOGIES
Modern agricultural and food industries have seen rapid application of optical technologies for detection of the quality attributes of fruits, vegetables, meat and meat products, eggs and egg products, fish, processed products, etc. Dowlati et al., 2012; ElMasry et al., 2012b; Feng et al., 2008; Ji et al., 2012; Kimiya et al., 2013; Leemans et al., 1998; Lin et al., 2011; Yao et al., 2014) . Optical technologies have proven their potential in a wide range of applications in agriculture and food. The reflectance, transmittance, and absorption of incident light on a sample depend on the sample's chemical and physical properties, and these relationships provide a detection mechanism for optical technology. The interaction of light with the sample surface can be used to detect surface properties. Hence, by illuminating the sample surface, we can capture a surface image with a camera. Scattering of light occurs due to interaction of the incident light with the chemical and physical properties of the sample, causing changes in the direction of light propagation. Scattering characteristics can be quantified using mathematical models for nondestructive detection of different chemical and physical properties. The amount and pattern of light scattering depends on different factors, such as the wavelength of the incident light, the penetration of the incident light, the physical and chemical properties of the sample, and the sample's refraction index, to name a few.
Depending on the application, optical technologies can be broadly classified as spectroscopy, machine vision, and hyperspectral imaging. Spectroscopy is used to establish the relationship between the electromagnetic radiation and the sample to develop a chemometrics model for detecting different quality attributes of the sample. Spectral data collected from a point or small area on the sample surface are used to develop the chemometrics model. A spectroscopic system consists of a spectrometer, a light source, an optical probe, a controller, and related software. Spectroscopy systems have been developed for different wavelength ranges, such as Vis/NIR, infrared, UV, etc. Spectroscopy can be used only for point scans, and it does not provide spatial information. A spectroscopic system is generally used to detect the chemical constituents of a sample for quality measurement, such as the freshness of meat (Prieto et al., 2009a (Prieto et al., , 2009b Venel et al., 2001) .
Machine vision (also called computer vision) is mostly used for detecting external quality attributes of samples through analysis of digital images. Machine vision analyzes the spatial information obtained from digital images of samples, such as color, size, and surface structure. As such, the application of machine vision is mainly limited to surface detection. A machine vision system generally consists of a CCD camera, a light source, a computer, and related software. Machine vision systems have been widely used in agriculture and food for detection of surface quality characteristics (i.e., color, size, shape, etc.) (Chmiel et al., 2011a (Chmiel et al., , 2011b Penman, 2001; Zhang et al., 2015) .
Hyperspectral imaging combines features of imaging and spectroscopy, enabling it to detect the external characteristics of a sample by imaging (such as shape, size, and color) as well as chemical constituents of the sample by spectral analysis . Hyperspectral imaging provides three-dimensional information on the sample. Three-dimensional hyperspectral cubes, i.e., (x, y, λ) , where λ is the wavelength, can be acquired using pointscan, line-scan, and area-scan methods. A hyperspectral imaging system typically consists of a CCD camera (or an InGaAs camera for the NIR region), an imaging spectroscope, a light source, a sample holding platform, a computer, and related software (Leiva-Valenzuela et al., 2014; Qin et al., 2013; Siedliska et al., 2014; Tao and Peng, 2014) . Figure 2 is a schematic of a hyperspectral imaging system. Hyperspectral imaging systems can be categorized into Vis/NIR imaging Pierna et al., 2012; , fluorescence imaging (Cho et al., 2013; Davis et al., 2014; Noh et al., 2007) , and Raman imaging (Qin et al., 2011) . The light source in a hyperspectral system can be a point source (Erkinbaev et al., 2014; Tao and Peng, 2014) or a diffuse source (Dai et al., 2014; Everard et al., 2014; Lu and Ariana, 2013; Siedliska et al., 2014) . The information obtained from hyperspectral image acquisition is used for detecting internal as well as external qualities of the sample.
QUALITY INSPECTION BY HYPERSPECTRAL IMAGING
Among the different types of meat, red meats such as beef, lamb, and pork are widely consumed due to their high nutritional value. With increasing consumption, technologies for quality detection of red meat are also advancing rapidly. State-of-the-art hyperspectral imaging technology and the corresponding algorithms for non-destructive and rapid detection of various quality attributes of red meat have been reported in the literature. Hyperspectral imaging has been applied for detection of nutritional content, moisture content, pH, tenderness, microbial spoilage, WHC, marbling, drip loss, and color.
Beef
Chemical and nutritional attributes are important factors in determining the quality of red meat. The chemical constituents in red meat, such as protein, fat, fatty acids, and moisture, affect the quality of red meat, and chemical reactions cause changes in the flavor, color, tenderness, and appearance of red meat (Xiong et al., 2014) . As such, detection of chemical attributes is important to ensure consumer health and satisfaction as well as reduce the meat industry's economic losses. Reflectance hyperspectral imaging in the Vis/NIR range (900 to 1700 nm) has been used in conjunction with chemometrics models for determination of different quality attributes, such as water, protein, and fat content in beef of different breeds ; color, pH, and tenderness of fresh beef ; and tenderness of 14-day cooked beef (Naganathan et al., 2008b) . These studies reported the use of partial least squares regression (PLSR) to reduce the high dimensionality of the hyperspectral data. Naganathan et al. (2008a) reported that a PLSR model could classify beef as tender, intermediate, and tough with classification accuracy of 78% based on slice shearing force (SSF) analysis. The authors defined SSF ≤ 205.8 N as tender meat, SSF between 205.8 and 254.8 N as intermediate, and SSF > 254 .8 N as tough meat. In a similar study, a hyperspectral imaging system (496 to 1036 nm) was used to measure the tenderness of beef (Cluff et al., 2008) . The authors reported fitting the optical scattering profiles obtained from the hyperspectral images using a modified Lorentzian function. Stepwise regression was used to identify the feature wavelengths to predict the tenderness of the samples in terms of WBSF with a correlation coefficient (R) of 0.67. Application of a time series hyperspectral imaging system (380 to 1700 nm) was reported to determine the water distribution in beef during dehydration using principal component analysis (PCA) (Wu et al., 2013) . A successive projections algorithm (SPA) was used to select the feature wavelengths, and a multi-linear regression (MLR) model was developed to predict the water content in beef slices with a coefficient of determination of 0.95.
Lamb
Potential application of near-infrared (NIR) hyperspectral imaging has been reported for determination of the chemical composition (water, fat, and protein content) of lamb meat (Kamruzzaman et al., 2012a; Pu et al., 2014) . Kamruzzaman et al. (2013) reported a PLSR method to detect water, fat, and protein content in lamb with coefficients of determination of 0.88, 0.88, and 0.63, respectively. Feature wavelengths were extracted for the PLSR modeling to reduce the computational complexity, thus reducing the time for detection of each sample. Pu et al. (2014) used a combination of uninformative variable elimination (UVA) and successive projections algorithm (SPA) to extract feature wavelengths (eight different feature wavelengths for fat, protein, and water). From the feature wavelengths, seven wavelengths were selected to develop MLR models. The MLR models were reported to have correlation coefficients of calibration of 0.95, 0.80, and 0.91 for fat, protein, and water content, respectively. The UVA and SPA method greatly reduced the high-dimension hyperspectral data, and the MLR model had superior results compared to PLSR. Similarly, hyperspectral imaging (900 to 1700 nm) was applied for non-destructive determination of the tenderness of lamb meat (Kamruzzaman et al., 2012b) . The same group of researchers also reported the potential use of NIR hyperspectral imaging (900 to 1700 nm) for discrimination of three different lamb muscles, i.e., semitendinosus (ST), longissimus dorsi (LD), and psoas major (PM), of Charollais breed (Kamruzzaman et al., 2011) .
Pork
Similar to beef and lamb, hyperspectral imaging has been extensively used for non-destructive determination of the quality attributes of pork. A hyperspectral imaging system in the NIR region (900 to 1700 nm) was used to determine the protein, moisture, and fat content in intact and minced pork (Barbin et al., 2013) . A PLSR model was developed to select a few feature wavelengths from the highdimension hyperspectral data. The authors reported coefficients of determination of 0.92, 0.88, and 0.94 for protein, fat, and moisture content, respectively, which are better than those for beef and lamb (Kamruzzaman et al., 2012a) .
A novel method including the modified Gompertz function was used to extract scattering characteristics of pork from spatially resolved hyperspectral images (400 to 1100 nm) for evaluation of tenderness and E. coli contamination (Tao and Peng, 2014) . Similarly, a combination of Lorentzian and Gompertz functions was used to extract useful information from hyperspectral imaging data to predict total viable count (TVC) in pork stored at 10°C for 1 to 15 days after slaughter (Tao and Peng, 2015) . PCA was reported to extract characteristic pictures from hyperspectral images in the spectral range of 430 to 960 nm to evaluate TVC in pork meat 24 h postmortem (Huang et al., 2013b) .
Freshness is an essential index of meat quality and directly influences storage and logistics. TVB-N, pH, and color are the most important factors for meat freshness assessment. Among the three parameters, TVB-N is the most important (Li et al., 2011c; Zhang et al., 2012) . Hyperspectral imaging has been used with different chemometrics modeling methods to predict TVB-N in pork as a measure of its freshness Li et al., 2015) . Li et al. (2013) developed a multispectral imaging system to collect scattering images of pork samples and selected the wavelengths of 517, 550, 560, 580, 600, 760, 810, and 910 nm for TVB-N modeling.
Salting is used to produce high-quality of meat and meat products by avoiding (or delaying) microbial growth and thus increasing the product's stability. Meat quality can deteriorate during salting, resulting in nutritional loss and texture problems. Moisture content has been considered a major source of growth for microbial organisms in meat, and it is considered a key parameter affecting meat texture Serra et al., 2005) . Microbial growth or texture loss influences the shelf life of salted meat and meat products. Hyperspectral reflectance spectra (RS), absorbance spectra (AS), and Kubelka-Munk spectra (KMS) in the wavelength range of 1000 to 2500 nm were reported for prediction of moisture content in pork slices during salting (Liu et al., 2014b) . The same researchers reported application of hyperspectral imaging in the spectral range of 400 to 100 nm to predict color and pH in salted pork (Liu et al., 2014a) .
To reduce the hyperspectral data, hyperspectral imaging can be implemented in a multispectral imaging mode. Ma et al. (2014) used a multispectral imaging system in the Vis/NIR region to determine the aerobic plate count (APC) in cooked pork sausages. A novel algorithm was reported for feature selection to develop linear and non-linear regression of L*, a*, and b* color from multispectral images of pork samples (Sharifzadeh et al., 2014) .
Other Meats
Measuring the quality attributes of poultry meat is important to ensure public health and consumer satisfaction and standardize the meat processing procedure for economic benefit. As with red meats, hyperspectral imaging has been reported for detection of different quality attributes of poultry meat.
Hyperspectral imaging in the visible range of 400 to 1000 nm was reported for measuring the springiness of fresh chicken meat (Xiong et al., 2015) . Hyperspectral imaging has also been reported to determine the quality of chicken meat during processing. Fusion of hyperspectral transmittance and reflectance imaging was reported for detection of embedded bone fragments in chicken fillets (Yoon et al., 2008) . In discussing the potential industrial application of the imaging technology, the authors mentioned that variation in meat thickness influenced the imaging results, which can be overcome by better control of meat slicing thickness. Feng et al. (2013) applied a hyperspectral imaging system in reflectance mode for detection of Enterobacteriacease on chicken fillets. The authors reported the development of a bacterial prediction model by PLSR using full wavelengths in the spectral region of 430 to 1450 nm and achieved a correlation coefficient of determination (R 2 ) greater than 0.82. Similarly, Feng and Sun (2013a) used line scanning hyperspectral imaging (900 to 1700 nm) for rapid and non-destructive determination of Pseudomonas counts in chicken breast fillets. The hyperspectral images were correlated with the actual counts of Pseudomonas by PLSR. The authors also reported determination of TVC in chicken breast fillets using NIR hyperspectral imaging in the spectral range of 910 to 1700 nm (Feng and Sun., 2013b) . In addition to detection of chicken quality attributes, research has been reported on prediction of moisture, color, and pH in cooked turkey ham by NIR hyperspectral imaging in the spectral range of 900 to 1700 nm (Iqbal et al., 2013) . The research showed the ability of NIR hyperspectral imaging to detect different quality attributes simultaneously.
QUALITY INSPECTION BY SPECTROSCOPIC METHODS
Spectroscopic methods such as visual and NIR, Raman spectroscopy, and x-ray are often reported for rapid and non-destructive detection of different quality attributes of meat. Spectroscopic methods generally use point scanning. Different from line scanning or area scanning, point scanning can be used for more homogenous samples. Acquisition of spectral signals from a few representative points on the sample creates a greater chance for variance in the measurement accuracy and stability if the sample is are chemically or physically uneven. However, for homogenous samples, spectroscopic methods can be reliable, accurate, rapid, and simpler compared to other methods.
Beef
Vis/NIR spectroscopy has been applied for detection of multiple quality attributes of beef, such as chemical composition (Prieto et al., 2006) , characterization of beef muscle on the basis of cooked WBSF (Xia et al., 2007) , and measurement of quality attributes of ground and intact beef in terms of pH, color (L*, a*, b*), aging loss, cooking loss, and WBSF (Marchi et al., 2013) . While these studies reported the potential of Vis/NIR for measurement of beef quality attributes, the measurement accuracy was generally not satisfactory because scanning a single point at a time on each sample can cause poor performance of the model. Sample homogeneity is a crucial factor for development of efficient chemometrics models using spectroscopic methods. Ripoll et al. (2008) . However, the correlation was low for measurement of protein content. That study also reported the potential of Vis/NIR spectroscopy with a first-derivative data processing algorithm for simultaneous detection of various quality parameters. A Vis/NIR spectroscopy system with a conveyor belt for on-line detection of meat quality showed encouraging results for application in industry (Prieto et al., 2009a) . Vis/NIR reflectance spectroscopy in the spectral range of 350 to 1800 nm was used to measure color, cooking loss, texture, and sensory characteristics of beef. Vis/NIR spectroscopy (350 to 2500 nm) was also used for on-line classification of beef carcasses (cows, bulls, steers, and heifers) based on ultimate pH (measured 48 h postmortem) (Reis and Rosenvold, 2014) . The authors reported that optical spectroscopy with PLS can replace existing methods of detection in on-line classification of beef carcasses.
In addition to measurement of quality attributes, studies have also been performed to classify meat based on freshness. Infrared spectroscopy has proven to be a potential tool for detecting beef spoilage by micro-organisms (Argyri et al., 2010; Ellis et al., 2004; Kodogiannis et al., 2014) . Fourier transform infrared (FTIR) spectroscopy (4000 to 400 cm -1) and machine learning algorithms were used to detect beef fillet spoilage in two different storage conditions (chill temperature and abuse temperature) (Argyri et al., 2010) . The artificial neural network algorithm correctly classified fresh samples with 91.7% accuracy, semi-fresh samples with 81.2% accuracy, and spoiled samples with 94.1% accuracy. The detection accuracy for semi-fresh samples was lower than that for the other two classes of samples. It was reasoned that the fresh samples and spoiled samples that were close to semi-fresh samples, and vice versa, reduced the accuracy of the algorithm.
Vis/NIR spectroscopy has also been used for measuring different indexes in cattle fed sunflower seed or flaxseed (Prieto et al., 2014) . The authors reported the application of NIR spectroscopy in the range of 400 to 2498 nm for analyzing the meat's chemical composition, quality attributes, and fatty acid content. Infrared technology was also used to measure beef quality during processing (Perisic et al., 2013) . Excessive intake of sodium has a negative influence on human health, and attempts have been made to replace NaCl (major source of sodium in meat) with other salts. However, this might influence the quality attributes of meat. FTIR and Vis/NIR measurements were made of the effects of KCl and MgSo 4 , as substitutes for NaCl, on the quality of beef samples. MgSo 4 was acceptable when it was applied at a mixture ratio of 1:3. Morsy and Sun (2013) reported on the application of NIR spectroscopy with PLSR to detect fresh and frozen-thawed minced beef adulterated with pork, fat trimmings, and offal. The authors reported high accuracy (coefficients of determination >0.9 for all three adulterations) for minced beef samples; however, the detection accuracy was considerably lower for frozenthawed samples.
Lamb
A hand-held Raman-based optical instrument was used for measurement of shear force in lamb m. longissimus lumborum (Fowler et al., 2014a) . A 671 nm laser source was used in the optical device to measure the shear force by correlating the Raman spectral signal with the value measured by traditional methods. Poor correlation was reported for predicting the shear force in lamb muscle. The same researchers reported using Raman spectroscopy for predicting the tenderness of fresh lamb meat samples, but the result was not promising (Fowler et al., 2014b) . NIR reflectance spectroscopy was used in a correlation between the spectral signal and sensory parameters that are directly related to the eating quality of lamb meat (Andres et al., 2007) . The authors reported R 2 values of less than 0.40 for predicting the texture, juiciness, flavor, abnormal flavor, and overall quality when correlating the spectral signal with the scores from a tasting panel. However, the authors reported significant increases in the prediction accuracy for the best and worst samples. This shows that the NIR spectral signal is informative for detecting quality attributes of lamb meat. The same study reported R 2 values of 0.84 and 0.67 for predicting intramuscular fat and water content, respectively, in lamb meat.
NIR spectroscopy has been used extensively for measurement of chemical constituents in lamb meat, and promising results have been reported. NIR reflectance spectroscopy was used to measure chemical constituents such as ash, dry matter, crude protein, and fat in mutton (Viljoen et al., 2007) with correlation coefficients of 0.97, 0.96, 1.00, and 1.00, respectively. The same method was used to determine mineral contents in lamb meat samples, with correlation coefficients ranging from 0.86 (for Zn and K) to 0.92 for Mg, but low accuracies were found for Cu, B, Mn, Ca, and Al. Guy et al. (2011) applied NIR reflectance spectroscopy for detection of fatty acids in ground lamb meat samples and intact unground samples. The results showed that NIR reflectance spectroscopy predicted the fatty acid content in ground meat more accurately than in unground meat. The differences in the degree of homogeneity of the ground and unground meat samples could be one reason for the difference in accuracy. Sun et al. (2012) reported a novel method for detecting the quality of lamb meat. The authors used NIR reflectance spectroscopy in the spectral range of 950 to 1650 nm to classify lamb meat according to geographic origin and also predicted δ 13 C and δ 15 N with high accuracy. Dian et al. (2008) classified lamb carcasses based on feeding method for quality detection using Vis/NIR spectroscopy in the spectral range of 400 to 2500 nm.
Pork
NIR spectroscopy has shown promising results for detection of chemical constituents such as fat, moisture, and protein in pork (Perez-Marin et al., 2009; Zamora-Rojas et al., 2013) . A study of non-destructive measurement of pork freshness with storage time was reported using FT-NIR spectroscopy in the spectral range of 10,000 to 4000 cm -1 . Different mathematical models, such as linear discriminant analysis (LDA), back-propagation artificial neural network (BP-ANN), and k-nearest neighbor (kNN), were used to develop prediction models, among which BP-ANN was reported to have superior results over the other models. FTIR spectroscopy in the spectral range of 4000 to 650 cm -1 was reported for monitoring biochemical changes in fresh minced pork meat (Papadopoulou et al., 2011) . A handheld Raman prototype with a 671 nm microsystem diode laser was reported for in situ detection of microbial spoilage in pork meat (Sowoidnich et al., 2010) . A novel technology based on mid-Fourier transform infrared spectroscopy (MID-FTIR) was reported for detection of Trichinellaspiralis infection in pig muscles (GomezDe-Anda et al., 2012) . Spectroscopy in the spectral range of 4000 to 650 cm -1 with attenuated total reflectance and soft independent modeling of class analogy was used to classify the samples with 100% accuracy for both recognition and rejection based on sample infection.
NIR spectroscopy in the spectral range of 1150 to 2250 nm was used to characterize absorption, scattering, and angular scattering distribution of pig adipose tissues for non-destructive analysis of intact adipose tissue for industrial application (Zamora-Rojas et al., 2013) . In the late 1990s, NIR reflectance (900 to 1800 nm) was used for measurement of WHC and drip loss in fresh pork with correlations greater than 80% (Forrest et al., 2000) . Three years later, Pedersen et al. (2003) reported that the infrared region from 1800 to 900 cm -1 contained the best predictive information for measuring WHC of pork meat. The authors used infrared spectroscopy with PLSR to measure WHC in pork with a correlation coefficient of 0.89. The results were confirmed in on-line measurement of pork WHC using FT-IR spectroscopy.
An effort was made to develop an on-line optical spectroscopy system to measure quality attributes of fresh pork (Liao et al., 2010) . A conveyor belt combined with Vis/NIR spectroscopy (350 to 1100 nm) was designed to acquire spectral signals from fresh pork to measure the intramuscular fat, protein, water, pH, and shear force rapidly and nondestructively. Later, Liao et al. (2012) developed another on-line system for non-destructive measurement of pH values in fresh pork using Vis/NIR spectroscopy.
Other Meats
Extensive studies have been reported on applications of optical spectroscopic methods for detection of different quality and safety attributes of poultry. NIR spectroscopy has been used extensively for detection of fatty acid content in different parts of chicken meat with encouraging results; however, the method did not perform well when measurements were carried out in real-time Riovanto et al., 2012; Zhou et al., 2012) . Short-wavelength NIR spectroscopy (400 to 1000 nm) was reported for detection of moisture content, water activity, pH, TVB-N, ATP breakdown compounds, and mesophilic bacteria, which were regarded as the useful parameters for prediction of chicken freshness (Grau et al., 2011) . Like red meats, poultry is also susceptible to bacterial spoilage. Studies have been reported on determining the spoilage of chicken meat during aerobic storage using NIR and fluorescence spectroscopy (Sahar and Dufour, 2014; Sahar et al., 2011) . A recent study showed the potential of NIR spectroscopy (400 to 2500 nm) for quality assessment of chicken meat based on pale, soft, and exudative (PSE), L*, pH, and WHC (Barbin et al., 2015) . Other spectroscopic methods such as Raman (excitation by 785 nm) also showed promising re-sults for establishing spectral fingerprints to monitor the WHC of broilers based on growth rate (Phongpa-Ngain et al., 2014) .
QUALITY INSPECTION BY MACHINE VISION AND IMAGE PROCESSING
Machine vision has proven to be effective for quality detection of agricultural products (Dowlati et al., 2012; ElMasry et al., 2012c; Khazaei et al., 2013; Kurtulmus and Kavdir, 2014; Wang et al., 2011) . Machine vision methods have been widely used for surface quality detection of different meats and meat products. However, due to the limited information in the digital images provided by machine vision, this method cannot be used in chemometrics modeling to predict the chemical composition and internal quality attributes of meat.
Beef
Machine vision has been used extensively for measuring color, fat, and other physical parameters of meat. Studies have reported developments of novel hardware for machine vision systems and software algorithms for image processing to extract useful information for non-destructive and rapid detection of physical quality attributes of meat. A machine vision system was developed using a color digital camera to measure the fat color of beef for quality grading ). An image processing algorithm was reported for prediction of intramuscular fat content in beef m. longissimus dorsi . The image processing algorithm initially removed noise in the original image, followed by automatic segmentation of the image into regions of interest using kernel fuzzy c-means clustering. Finally, intramuscular fat content was extracted from the image for development of a prediction model. Similarly, Chen and Qin (2008) reported a machine vision and image processing method for segmentation of marbling.
Because simple RGB digital images do not contain spectral information for chemometrics modeling, a different approach to digital image analysis was reported to determine moisture content in cooked beef by machine vision (Zheng et al., 2006) . The authors reported extraction of color features (means and standard deviations) in terms of RGB and HSI (hue, saturation, and intensity). The color in the sample images was correlated to the moisture content obtained by chemical analysis, which showed encouraging correlation coefficients of 0.56 (for models built by PLSR) and 0.45 (for models built by a neural network algorithm). The study showed a potential for machine vision and image processing for detection of chemical contents in meat.
Research on the relationship of color to chemical, physical, and biological changes can enhance the accuracy of image processing for rapid and non-destructive detection of meat quality attributes. Application of a digital camera with an auxiliary lighting system was reported for prediction of troponin-T degradation in beef longissimus using texture features from color images . The authors reported the use of stepwise and support vector machine (SVM) methods to classify the samples based on degradation, with satisfactory accuracy.
A wide range of methods and applications in machine vision and image processing have been reported in the literature for detection of different quality attributes of beef. Examples include prediction of shrinkage of ellipsoid beef joints (Zheng et al., 2007) ; prediction of color, marbling, and surface texture ; measurement of texture features to classify beef as tough or tender (Li et al., 2001) ; prediction of skeletal maturity based on cartilage ossification in the thoracic vertebrae (Hatem et al., 2003) ; measurement of CIE L*, a*, b*, hue angle, and chroma (Larrain et al., 2008) ; automatic segmentation of the longissimus dorsi muscle and marbling (Jackman et al., 2009 ); prediction of percentage surface metmyoglobin on fresh beef, which causes wide variation in surface color (Demos et al., 1996) ; and classification of fresh and stained meat samples based on marbling in the longissimus thoracis muscle (Pena et al., 2013) .
Pork
Machine vision and image processing have been extensively reported for detecting different physical quality attributes, such as marbling, back fat thickness, color, texture features, and intramuscular fat content. Digital image analysis was used for quantitative description of marbling fat and its relationship with intramuscular fat content and shear force variation in pork (Faucitano et al., 2005) . RGB-based digital color analysis was applied for prediction of marbling in pork (Huang et al., 2013a) . The region of interest acquired from the sample image was used for extraction of marbling using a wide line detector and gray-level cooccurrence matrix. Prediction models were developed individually using red, green, and blue channels as well as using the RGB three-channel with a color wheel (or an RGB LED array). The prediction model developed based on the green channel had high correlation coefficients (R c and R v of 0.94) for predicting pork marbling. Machine vision and digital image processing have also been used for measurement of other physical attributes, such as lean and fat composition based on video images (Jia et al., 2010) . Jackman et al. (2010) reported the use of color and wavelet texture features for classification of pork and turkey ham based on quality grades. Du and Sun (2006) reported a computer vision method to detect pores and porosity in pork ham in an area between 6.73 × 10 -3 and 2.02 × 10 -1 mm 2 . Chmiel et al. (2011b) reported on distinguishing PSE (pale, soft, exudative) and RFN (reddish pink, firm, normal) in m. longissimus dorsi using color components (lightness parameters L*). Similar studies have been reported on classification of pre-sliced ham (based on color) and its relationship with consumer responses (Iqbal et al., 2010) ; classification of pre-sliced pork ham using neural networks ; changes in the color, chemical composition, and texture of m. longissimus dorsi in pigs due to management system (Zapotoczny et al., 2014) ; evaluation of pork carcass color (Lu et al., 2000) ; and measurement of pork belly fat (Uttaro and Zawadski, 2010) . To reduce the difficulty of meat quality classification due to high variability and complex color distribution, Valous et al. (2009) calibrated the color obtained by a computer vision system using a polynomial transform procedure and the transform proposed by the sRGB standard.
The authors applied the algorithm to evaluate the color and presence of pores and fat-connective tissue in pre-sliced pork, turkey, and chicken ham with encouraging accuracy.
Lamb
Although machine vision and image analysis have proven useful for quantifying the quality of different meat and meat products, little research has been reported on measurement of lamb quality attributes. Geometric and texture analyses of images obtained from a color digital camera were used to predict cooked lamb tenderness (Chandraratne et al., 2006a) . Similarly, a machine vision system consisting of three CCD digital color cameras was reported for grading lamb carcasses (Chandraratne et al., 2006b ). The acquired images included lean area, marbling, subcutaneous fat, intramuscular fat, bone, and background. The authors reported that image analysis using geometric and texture features is a useful tool for lamb classification. The same researchers also reported on statistical and neural network analyses of the extracted image features for classification of lamb carcasses (Chandraratne et al., 2007) .
Other Meats
Machine vision and image analysis have been used for detection of fat content in chicken and turkey (Chmiel et al., 2011a) , to estimate live weight of broilers for monitoring growth (Mollah et al., 2010) , and for inspection of poultry carcasses for wholesomeness (Chao et al., 2000 (Chao et al., , 2007 . Table 1 summarizes research studies that have been reported since 2003 on hyperspectral imaging, Vis/NIR spectroscopy, and machine vision methods for quality detection of meat and meat products. Vis/NIR has proven to be a potential tool for non-destructive quality detection of meat and meat products. Although a number of studies have shown that Vis/NIR is useful for assessing physical, chemical, biological, and sensory quality attributes of meat and meat products, few studies on industrial applications have been reported. The accuracy, repeatability, and stability of optical methods are highly dependent on the surrounding environment. For example, lighting can be a limiting factor for optical methods because the environmental conditions in the laboratory are highly controlled, which may not be the case in industrial settings. The meat samples in a processing line often vary greatly in size and quality, which can affect online measurement accuracy. The distance between the sample and the optical sensor must also be considered for ensuring precise measurements. An uneven sample surface is another major source of optical measurement error. Development of conveyor systems equipped with distance sensors to maintain a constant distance between the sample and the optical sensor can help reduce measurement error, thus enabling optical system applications in industry.
CHALLENGES AND FUTURE WORK
Hyperspectral imaging has proven to be superior to spectroscopy and machine vision because it acquires information that is far beyond what can be obtained by both spectroscopic and machine vision methods. Hyperspectral imaging has the flexibility of functioning as a spectroscopic method, a machine vision method, or a combination of both. However, hyperspectral imaging has so far had limited applications in industrial processing because hyperspectral images contain huge quantities of data, which reduces the detection speed (Cho et al., 2007) . Cho et al. (2007) proposed an innovative method of implementing a hyperspectral imaging system in multispectral imaging mode, which enabled fast, online detection without sacrificing accuracy. A number of studies have reported on the use of multispectral methods for detection of meat quality attributes. Studies have also been reported on applications of multispectral methods independently.
Variation in light intensity in the sample is another shortcoming that influences the stability of optical methods in practical applications. The light intensity is reduced at the edges of samples, and in the hidden areas of carcasses, which influences optical signal acquisition. When uneven samples are illuminated, large differences in light intensity occur at different surface locations of the same sample, which influence the measurement accuracy by the system. A band ratio algorithm can reduce the variation in light intensity (Park et al., 2006) .
For rapid, non-destructive, real-time application in industrial processing, research must focus on simultaneous detection of different quality attributes by the same system. Implementing multiples systems, each dedicated to detection of a particular quality attribute, is expensive and technically challenging. However, only a few studies have reported simultaneous detection of multiple quality attributes by the same system . Studies are thus needed on the relationships between optical measurements and the different physical and chemical properties of meat to help develop algorithms for rapid prediction of multiple quality attributes by the same system. Although many studies have reported using different optical instruments and statistical analysis methods, the number of samples used in many reported studies is often quite small, which creates a higher probability of overfitting for the calibration model. Future studies should thus use larger numbers of samples to develop and test calibration models for improved model performance.
Practical applications of optical technology are needed for quality detection of processed meat and for detection of adulterants in raw and processed meat. Except for a few studies, most reported studies have focused on fresh meat. Quality detection of processed meat in packaging and during storage and transport is important for quality control. Several studies have reported that packaging conditions have a direct influence on meat quality and shelf life. Highpressure processing and modified-atmosphere packaging were reported to influence microorganism activity and pH in pork products, which in turn influenced the flavor of the meat (Olmo et al., 2014) . Precise packaging conditions are required to maintain the shelf life and quality of meat and meat products. Sade et al. (2013) found different types of enterobacteria in meat and poultry samples packaged in modified-atmosphere packaging. Lee (2010) reported serious effects on the quality and safety of meat products due to manipulation of the packaging material. Packaged meat products are susceptible to contamination before packaging and due to the packaging material, and are thus prone to spoilage during storage and transport. Hence, there is an urgent need for technology that can monitor the quality attributes of packaged meat products. Morsy and Sun (2013) [a] HSI = hyperspectral imaging, MV = machine vision, MSI = multispectral imaging, PLSR = partial least squares regression, and M-PLSR = modified PLSR.
Meat adulteration not only causes serious damage to the reputation of the meat industry but also influences consumer health and perceptions. Certain meats and meat products that are accepted by consumers of a certain community may not be acceptable to another community. Current methods for detecting meat adulterants rely on HPLC, gas chromatography, and liquid chromatography for measuring fatty acid composition, histidine dipeptides, and proteins (Ashoor et al., 1988; Carnegie et al., 1983; Verbeke and Brabander, 1995) . These measurement methods are complex and cannot be used for routine inspection. It is thus important to develop non-destructive technology to monitor meat adulterants, in addition to meat quality detection. Research has been reported on detection of pork, fat trimming, and offal adulterants in fresh and frozen-thawed minced beef using NIR spectroscopy (Morsy and Sun, 2013) ; on turkey adulterants in minced beef using UV-VIS, NIR, and MIR spectroscopy (Alamprese et al., 2013) ; and on horse meat in mixtures with other meats by protein content using Raman spectroscopy (Zajac et al., 2014) . However, none of these methods has been reported for practical use, and challenges remain in the development of reliable methods for industrial application. Databases of the chemical properties of adulterants that are suitable for use by optical systems can be useful for industrial applications, as meat adulterants are often identified by their chemical properties.
Finally, challenges remain in reducing the size of optical systems, developing hardware suitable for use in industrial environments, and designing control software with an easyto-use graphical user interface (GUI). Most hyperspectral imaging, multispectral imaging, and Raman spectroscopic systems are bulky and are limited to laboratory use. Compact hardware that is suitable for industrial use will be attractive to the meat industry. Studies have reported on the detection of meat quality attributes using hand-held optical devices and conveyor belt optical systems (Guo et al., 2012a (Guo et al., , 2012b Wan et al., 2014; Wang et al., 2012; Yang et al., 2012; Zhao et al., 2012) . More studies on such handheld devices are needed under different experimental conditions for different types of samples (i.e., different sample sizes, breeds, and slaughterhouses) to evaluate their potential for industrial application.
